In this article, we present a method for visualizing multi-dimensional spatio-temporal data in an interactive web-based geovisualization. Our case study focuses on publicly available weather data in Germany. After processing the data with Python and desktop GIS, we integrated the data as web services in a browser-based application. This application displays several weather parameters with different types of visualisations, such as static maps, animated maps and charts. The usability of the web-based geovisualization was evaluated with a free-examination and a goal-directed task, using eye-tracking analysis. The evaluation focused on the question how people use static maps, animated maps and charts, dependent on different tasks. The results suggest that visualization elements such as animated maps, static maps and charts are particularly useful for certain types of tasks, and that more answering time correlates with less accurate answers.
Introduction: Visualizing multidimensional spatio-temporal data
The increasing volume, variety and resolution of spatial data provide an inexhaustible foundation for different visualization tasks (Schiewe 2018) . In addition, political initiatives to make administrative data publicly available 1 emphasize the need for creating visualizations for knowledge discovery. The visualization of spatio-temporal data has always been a challenging task for the cartographic community and plays an important role in visual analytical and knowledge discovery processes (Bruggmann and Fabrikant 2016) . Change acts as an inherent feature in many time-dependent datasets and expresses the dynamic nature of data. Typical spatio-temporal application scenarios include the visualization and analysis of trajectories of moving objects to understand the behavior of car drivers (Andrienko et al. 2013) , or the visualization of long-term landscape changes covering multiple centuries (Bogucka and Jahnke 2018) . Multidimensional data, a subset of multivariate data (Fuchs and Hauser 2009) , are ubiquitous in many other disciplines like climate research (Kehrer and Hauser 2013) . While the independent dimensions of space and times might be treated as any other attribute (Keim et al. 2010 , Aigner et al. 2007 , in many applications scenarios these dimensions have an inherent semantic meaning and play a pivotal role.
For both map view and attribute visualizations, typical means of interaction for data exploration are zooming, panning, linking, brushing and view reconfiguration (Yi et al 2007) . When designing spatio-temporal visualizations, the information seeking mantra of "overview first, filter and zoom, then details on demand" (Schneiderman 1996) is still relevant and should thus be considered. The display medium and the data itself have impacts on the visualization. Since datasets that need to be processed and visualized are growing ever larger these days, data can no longer "speak for itself". In fact, data visualization needs to apply a pattern to convey information (Andrienko et al 2008) . Therefore, it is of high importance for authors of visualizations to carefully choose the right attributes and visualization techniques.
Evaluation methods
A data representation cannot be successful without integrating the user. Therefore, user issues play an essential role in developing spatio-temporal visualizations (Nielsen 1994 , Nivala et al. 2007 ). User studies, surveys, benchmark tasks and eye tracking are common methods within a usability engineering lifecycle to evaluate the usability of spatio-temporal visualizations (Mayhew 1999 , Roth 2013 , Roth et al 2015 . Kveladze et al. (2013 and evaluated spatio-temporal applications to improve the cartographic design and data exploration processes, while Bogucka and Jahnke (2018) combined benchmark tasks and eye tracking to evaluate the differences of different visualization scenarios (2D and 3D) of spatiotemporal datasets.
Creating an interactive geovisualization of multi-dimensional spatiotemporal data
Based on the design considerations mentioned in the previous section, we created a web-based application for the visualization of a multidimensional spatio-temporal dataset, featuring static and animated maps, a chart, a legend, and descriptive text. As a prime example for spatio-temporal multidimensional data, we chose a dataset from the DWD (Deutscher Wetterdienst) Climate Data Center for this contribution. The dataset covers different weather attributes measured over 137 years. The raw data is publicly available in raster format at the website of the DWD Climate Data Center 2 . This dataset covers more than 100 years of different weather parameters such as temperature and precipitation for Germany in a raster. The raster values have been interpolated from the point-based measurements of around 400 weather stations spread over the whole country. The spatial resolution of the interpolated data is a 1x1 km rectangular grid. In order to make this dataset usable for our visualization, several processing steps had to be taken.
Data preparation
Within the scope of this contribution, we focused on seven weather parameters: temperature, precipitation, ice days, snow cover days, hot days, July temperature and precipitation in winter. All measurements from the raw data were aggregated to a temporal resolution of one value per year for each weather parameter. The measurements for ice days, snow covers days and hot days go back to 1951, while the remaining parameters are available since 1881. After downloading and structuring the original raster data from the CDC servers with several Python packages (ftplib, gzip, folders), further processing steps were carried out in a desktop GIS (ArcGIS Pro) using Python scripts. The most important processing task consisted of aggregating the raster data to vector data for each county (see Figure 1) . We used the Zonal Statistics tool to calculate the average weather parameters for each county. The geometries of the counties of Germany are freely available on the website of the Federal Agency for Cartography and Geodesy 3 . The main reason for the raster-vector conversion was to achieve a better performance in terms of loading times, since the data should be disseminated via web services. Moreover, we chose to present the data in a choropleth map, because having weather data per county was more suitable for the design of our evaluation (see section 3) than raster or isarithmic representations. After the conversion, the next step was to create a web map service from our local desktop GIS data. We used the cloud-based service ArcGIS Online, as data from ArcGIS Pro can easily be uploaded with a few clicks to ArcGIS Online without setting up and running additional web servers. Using the ArcGIS Online REST API, GIS web services like Map and Feature Services were created. These services could easily be integrated into any kind of web application.
Building the web application
After creating the web services, the next step consisted of creating a web application with the following elements: static map, animated map, chart, legend and descriptive text. We used a combination of different APIs and frameworks for our application:
The ArcGIS API for JavaScript 3.23 4 was used for the main element, the map container. This JavaScript API provides useful classes for web mapping, such as displaying base maps, creating symbologies like choropleth maps, loading operational layers, pop-ups with additional information, search widgets, legends and animations. The animated map was implemented using standard JavaScript methods such as windows. requestAnimationFrame(), setTimeout() and setRenderer(). For integrating the chart in the web application, the library Chart.js 5 was used. Chart.js is a powerful data visualization library, focusing on displaying data in different types of charts. We used a line chart to visualize the seven different weather parameters mentioned in section 2.1, in two different spatial resolutions. Finally, some parts of the front-end and Interactivity were designed using the CSS framework Materialize 
Evaluation
The main goal of the evaluation was to identify which elements of the visualization people use to retrieve information about weather phenomena, and to which extent the usage of elements is task-dependent. Moreover, we were interested which factors determine participants' accuracy. To answer these questions, we conducted 4 https://developers.arcgis.com/javascript/3/ (accessed Dec 5, 2018) controlled user experiments including eye-tracking technology in a computer lab at the TU Munich. Following a within-subjects design principle, we divided the experiment into two different tasks, a free-examination task and a goal-directed task. In the goal-directed task, three different types of question were asked, which are described in section 3.2.
Setup and participants
The experiments were conducted in a university eyetracking lab using Gazepoint Analysis and Gazepoint Control as eye-tracking software. This setup allows for basic screen capture with gaze overlay, heatmap visualization and raw data export. The experiments were conducted on a Windows 10 operating system, using Chrome as a web browser. Twenty-four participants took part in the experiment, of which 11 were male and 13 were female. (Due to technical problems, we had to exclude three of the participants from the analysis).
The age of the participants ranged from 20 to 30 years. Seventeen participants were Cartography students, while the professional background of the rest of the other participants varied as well as their nationalities. All participants were fluent in English, the language in which the experiment was conducted.
Procedure
At the beginning of the experiments, participants were provided with instructions about the study for approximately five minutes. After this introduction procedure, the participants were given another five minutes to view our web application without any task or indication (see Figure 3 ). After this free eximination task, participants continued with the goal-directed task. Participants were provided with 15 questions in three different major question categories (regional, overall and quantitative trend), which they should answer as true or false. There was no time limit for answering these questions. The order of the questions was randomized. For each question, they also had to rate their confidence on a level between 1 (not confident) and 5 (very confident). The questions and categories are shown in detail in Table 1 .
The question type of "regional trend" indicates how the weather parameters vary between regions. Questions about the "overall trend" are related to how weather phenomena change in the whole country. The difference between these two types is that the former concentrates more on regional changes, while the latter emphasizes the changes over time in a large picture. The third type "quantitative trend" focuses on statistical changes regionally or as a whole. Combinations of two questions types were used as well. Theoretically, all these questions could be answered using only the static map (including the pop-ups of the counties), the map animation, the chart or a combination of these elements. Some of these questions included names of regions and cities. To ensure that participants had no problems finding regions and cities and to eliminate effects of varying regional knowledge, regions and cities were clearly indicated in a descriptive sheet that was handed out to the participants (example see Figure 4 ). There was no time limit for answering the questions in the goal-oriented task but the answering time was recorded. The overall duration of the experiment was between 30 and 50 minutes.
Evaluation results
While several other parameters were recorded within the experiment (see Han 2018) , within the scope of this contribution we focus on the fixation times for the different elements of the web application, related to different tasks and question types, and on the relation between accuracy and fixation time.
Free examination task
On average, people spent 94 seconds gazing at the static map, 45 seconds on the chart, 40 seconds on the animated map, 11 seconds on the description and 6 seconds on the legend. Overall, during 43% of the whole task duration participants focused on the map container (see Table 2 ).
Only one participant did not use the animation at all. We calculated the ratio between the duration time to the whole duration to ensure that the fixation duration was not determined by the size of each component. Hence, the higher the ratio, the more appealing the element is to the participants. The distribution of the gaze points is shown in the heatmap of the gaze points in Figure 5 , where warmer, reddish colours represent longer fixation times. Most of the attention focuses on the centre of the map (on the left), followed by the animation button and the chart (on the right). In terms of gender differences, it is worth noting that females on average spent eight seconds more gazing at the map container than males, while males on average spent two seconds more than females gazing at the line chart.
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Goal-directed task
The fixation durations for the goal-directed task are displayed in Figure 6 . In other words, each of the three main map elements (static map, animated map, charts) was preferred for a certain task category (quantitative, regional and overall trend, respectively).
Accuracy
On average, participants answered 79% of all questions correctly. A detailed overview per category is shown in Table 3 . Comparing fixation duration and accuracy of the answers, it is striking that correct respondents spent less time interacting with the visualization than incorrect respondents. This pattern is consistent throughout each of the six question categories. Table 3 : Average fixation duration and number of answers (N), grouped by correct and incorrect answers.
Question category
The pattern of the most dominant visualization element described in section 4.2 (regional trend -animated map, overall trend -chart, quantitative trend -static map) is identical for both correct and incorrect answers (see Figure  7) . Furthermore, Figure 7 shows that the chart is the only visualization element for which longer fixation times correspond rather with correct than with incorrect answers. 
Summary and discussion
In this contribution, we have shown how to create a webbased application for multi-dimensional spatiotemporal datasets, using a combination of Python scripts for data retrieval and processing, desktop GIS tools for data preparation and uploading, JavaScript/HTML/CSS frameworks for designing the web application, and cloud services for data hosting. This application was designed to visualize spatio-temporal change in weather phenomena, and to aid users in retrieving information from a complex, multi-dimensional dataset. The high percentage of correct answers in our evaluation suggests that our geovisualization can help participants in answering questions about regional, overall and quantitative trends in multidimensional spatio-temporal datasets. Eye-tracking analysis yielded several insights into the effectiveness of the different elements of the visualization. Our participants drew more of their attention on the map container than on any other visualization element. As our maps are more colourful and salient than the line charts, this is in accordance with studies of Wolfe and Horowitz (2004) , who suggested that motion and colour are the visualization attributes that most attract the viewers' attention. In our experiment, participants generally spent quite a high amount of time on the animated map. This might be due to the fact that animated graphics have a greater potential than static graphics for saturating our limited working memory (Ayres et al., 2005) , since they are constantly changing and thus contain more information than static maps. When using animated maps, users often need to go back to previously viewed scenes to understand the current one. However, the fixation time participants contributed to the different elements of the visualization (animated map, static map, charts) was highly task-dependent. Based on area of interest analysis, we found that the animated map was mainly used for answering regional questions, while the static map was mainly used for retrieving quantitative information, and the charts for overall trends. Without testing how accuracy is affected by the viewing strategies, it is somewhat unclear whether the participants' preferences actually indicate the actual effectiveness of each visualization. While there was no time limit for answering the tasks, we found a consistent negative relationship between correct answers and answering time. This might suggest that people do not make better map-based decisions with longer answering times, but that -on the contrary -longer answering times often lead to less accuracy (Wilkening and Fabrikant 2011) . In particular, participants who used animations to a large degree were less accurate in answering the questions. More than a decade ago, Harrower (2007) stated that when it comes to designing animated maps, the bottleneck is no longer the hardware, the software, or the database -it is the human user. Our user study suggests that this "human bottleneck" is still plausible after many years of enormous technological progress regarding the creation and performance of animations. More precisely, our results do not provide any evidence that animated maps support users in retrieving information from multidimensional spatiotemporal datasets. A potential reason for this is the cognitive overload when using the animation. In a similar evaluation that Opach et al. (2013) conducted, it was also observed that animation usage impaired participants' accuracy. However, the efficiency of an animation might indeed depend on the fact whether salient features are thematically relevant or not (Griffin et al. 2006 , Fabrikant 2005 . In general, the chart was the only visualization element that was used more within correct answers than within incorrect ones. This pattern was particularly strong in the category of overall trends, where a) participants' accuracy was generally highest, and b) charts were generally used most, especially by participants who gave correct answers. This might suggest that while charts are not the most salient features in the visualization, they might still support users in finding correct answers more than maps.
Potential for future work
Future work should focus on the robustness of our results regarding the benefits of animated maps, static maps and charts for certain tasks, and also try to explain why certain visualization parts are more used for certain tasks. Overall, it remains an open question if and in which respects animated or static maps are more suitable (see also Midtbø and Larsen 2005) .
It should be stated that while cartographers are often very good at testing the relative effectiveness of various map designs (e.g., different color schemes, different number of data classes, different symbol sizes, different animation speeds), they often struggle to identify why those designs worked best from a cognitive or perceptual standpoint (Harrower 2007 , Fabrikant 2005 . The relationship between map user preferences and the performance of the visualizations should be targeted in future work and considered in designing efficient visualizations for multidimensional spatiotemporal scenarios. In this context, eye-tracking experiments can help identifying from which elements of the visualization users actually gather the necessary information for answering spatio-temporal questions.
